Subsurface lateral flow (SLF) contributes substantially to hillslope runoff. However, because of the lack of appropriate methods, field investigation of SLF at the hillslope and catchment scales has been limited. Recently, high-frequency soil moisture monitoring has been tested to characterize SLF. This study presented a simple approach to determine SLF based on soil water mass balance and compared this method with an established approach that used the depth-specific soil moisture response time to precipitation to identify preferential flow. The new method defined the occurrence of SLF when the increase in soil water storage was greater than the accumulated quantity of effective precipitation during a rain event. We applied this method to a 10-minute resolution soil moisture dataset collected over 3 years from nine soil profiles along a concave hillslope. We found that (i) SLF frequency derived by the proposed method matched well with preferential flow frequency obtained by the established method (r > 0.9), (ii) precipitation and initial soil wetness together controlled the generation of SLF, precipitation intensity determined whether or not the hillslope produced SLF and the quantity of precipitation governed the spatial extent of SLF, and (iii) topographic and small-scale soil features led to spatially different frequencies of SLF during small storms. Identifying SLF from a soil moisture time series over an entire rain event complements the established method based on soil moisture dynamics at the beginning of an event. Applying both methods creates the potential to measure SLF frequency and vertical preferential flow frequency, respectively. Soil moisture sensor networks have improved the large-scale investigation of such preferential flows.
Summary
Subsurface lateral flow (SLF) contributes substantially to hillslope runoff. However, because of the lack of appropriate methods, field investigation of SLF at the hillslope and catchment scales has been limited. Recently, high-frequency soil moisture monitoring has been tested to characterize SLF. This study presented a simple approach to determine SLF based on soil water mass balance and compared this method with an established approach that used the depth-specific soil moisture response time to precipitation to identify preferential flow. The new method defined the occurrence of SLF when the increase in soil water storage was greater than the accumulated quantity of effective precipitation during a rain event. We applied this method to a 10-minute resolution soil moisture dataset collected over 3 years from nine soil profiles along a concave hillslope. We found that (i) SLF frequency derived by the proposed method matched well with preferential flow frequency obtained by the established method (r > 0.9), (ii) precipitation and initial soil wetness together controlled the generation of SLF, precipitation intensity determined whether or not the hillslope produced SLF and the quantity of precipitation governed the spatial extent of SLF, and (iii) topographic and small-scale soil features led to spatially different frequencies of SLF during small storms. Identifying SLF from a soil moisture time series over an entire rain event complements the established method based on soil moisture dynamics at the beginning of an event. Applying both methods creates the potential to measure SLF frequency and vertical preferential flow frequency, respectively. Soil moisture sensor networks have improved the large-scale investigation of such preferential flows.
Introduction
The prevalence of preferential flow has been observed in almost all types of soil and landscapes (Lin, 2010; Beven & Germann, 2013; . Subsurface lateral flow (SLF), a commonly recognized type of preferential flow, occurs when the percolating water encounters a layer or interface of increased hydraulic resistance, such as a change of soil horizon, a hydrophobic region Correspondence: B. Fan. E-mail: buf143@psu.edu and H. Lin. E-mail: henrylin@psu.edu Received 8 May 2017; revised version accepted 2 June 2018 or impermeable bedrock (Luxmoore et al., 1990; Weiler et al., 2006; Graham et al., 2010) . Water convergence to SLF pathways also takes place when the laterally connected soil macropores or pipes conduct water downslope after rainfall or snowmelt (Beven & Germann, 1982; Noguchi et al., 2001; Sidle et al., 2001) . The substantial effects of SLF on hillslope runoff, streamflow generation, soil moisture replenishment, sediment and nutrient transport, and hillslope stability have been demonstrated in different environments (McDonnell et al., 1996; Uchida et al., 2001; Freer et al., 2002; Graham et al., 2013) . Therefore, characterization of SLF, including its formation, duration, spatial distribution and mechanisms, is of fundamental importance to describe, understand and model hillslope hydrology (Uhlenbrook, 2006; Lin, 2010; Nimmo, 2012) . Recent hydrological models have accounted for this non-equilibrium flow process to simulate hillslope behaviour in response to rain (e.g. Tromp-van Meerveld & Weiler, 2008) .
However, SLF and other types of preferential soil water flow have not received adequate attention despite their significance (Beven & Germann, 2013) . This is partially because of the lack of adequate methods for detecting and quantifying preferential flow in the field (Allaire et al., 2009; . Traditional field investigation of preferential flow depends on the application of tracers and dyes (Allaire et al., 2009; Beven & Germann, 2013) . These methods are largely destructive and based on interpolation between sampling sites (e.g. Noguchi et al., 2001; Anderson et al., 2009) . Extraction of flow heterogeneity from these methods is constrained by the representativeness of the sampling sites (Tromp-van Meerveld et al., 2007) . Moreover, traditional methods of measuring SLF (e.g. trench observations on the breakthrough curve) provide insight into the occurrence and magnitude of SLF, but not into the distribution of flow pathways. To overcome these limitations, geophysical techniques have been tested to explore preferential flow non-destructively in the field (e.g. Guo et al., 2014) . However, uncertainties still exist in the inversion algorithms used with the geophysical images to infer subsurface hydrologic properties and reconstruct preferential flow networks (Beven & Germann, 2013) .
High-frequency soil moisture monitoring provides new potential for in situ detection of preferential flow. In practice, a vertical array of soil moisture sensors is installed at different depths in a soil profile. The occurrence of preferential flow is defined when at least one deeper sensor responds to rainfall earlier than a shallower sensor (Lin & Zhou, 2008) . If the soil is homogeneous, rainwater should infiltrate into the soil in the sequence of soil depth and pass the upper horizon(s) first before reaching a deeper horizon. Therefore, when a sensor responds earlier than the sensor(s) above (i.e. a non-sequential response), rainwater would probably have percolated into the deeper subsoil by the SLF pathways or the vertical preferential flow pathways (e.g. soil macropores or root channels) bypassing the shallower sensor(s). Therefore, multi-depth soil moisture monitoring at one site is used to determine preferential flow (SLF or vertical bypass flow) occurring at the pedon scale (e.g. Lin & Zhou, 2008) , and a soil moisture sensor network with multiple monitoring sites is used to infer the occurrence of SLF at the hillslope and catchment scales if adjacent sites demonstrate preferential flow behaviors (e.g. Liu & Lin, 2015) . However, further efforts are required to improve the effectiveness of a soil moisture sensor network to detect and monitor large-scale SLF processes .
Based on the non-sequential soil moisture response (NSMR) method, Hardie et al. (2013) reported that the pedon-scale vertical preferential flow in water-repellent soil in Australia was primarily controlled by antecedent soil wetness. Lin & Zhou (2008) , Graham & Lin (2011) and Liu & Lin (2015) demonstrated the prevalence of preferential flow with a soil moisture sensor network, including hillslope-scale SLF during storms and snowmelt, in particular in the valley and swales in the Shale Hills Catchment in the northeastern USA. In a recent study with a soil moisture sensor network, Wiekenkamp et al. (2016) suggested that the overall heterogeneous pattern of preferential flow in the Wüstebach Catchment in Germany was governed by the catchment-wide topographic and local soil features during small storms, whereas preferential flow occurred across the entire catchment in response to large storms.
The NSMR method, however, depends on soil moisture dynamics at the initial stage of a precipitation event, without considering fully the soil moisture time series over the entire event. In addition, there are some uncertainties associated with the NSMR method, as discussed in Liu & Lin (2015) . For example, the preferential flow frequency detected is influenced by the number of soil moisture sensors. The larger the number of soil moisture sensors installed, the greater the likelihood that the non-sequential response of depth-specific soil moisture will be recorded, and the greater the frequency of preferential flow. Furthermore, the NSMR method does not separate SLF from the vertical bypass flow, which limits its efficacy in identifying the large-scale SLF process relevant for hillslope or catchment-scale movement of water. To complement the established method, this study presents a new method for the determination of SLF based on soil water mass balance (SWMB) over an entire rain event. We applied the SWMB method to a 10-minute resolution soil moisture dataset collected from nine soil profiles along a concave hillslope over a 3-year period. The frequency of occurrence of SLF derived from the SWMB method was compared with preferential flow frequency from the NSMR method. Furthermore, we evaluated the effects of precipitation, topography and initial soil moisture conditions on the generation of SLF. Finally, we proposed a conceptual model to describe SLF mechanisms on a hillslope and demonstrate the effectiveness of a soil moisture network in shedding new light on hillslope-scale SLF processes.
Materials and methods

Catchment characteristics
This study was carried out in the forested Shale Hills Catchment (Figure 1 ), a United States National Critical Zone Observatory (CZO) in central Pennsylvania (40 ∘ 39.87 ′ N, 77 ∘ 54.40 ′ W). This 7.9-ha V-shaped headwater catchment is characterized by the low-lying shale (the Silurian grey shale with a few interbedded Ca-rich carbonate zones, known as the Rose Hill Shale Formation) in the Ridge-Valley Physiographic Province Brantley et al., 2016) . The climate is typical of the inland northeastern USA, with a mean annual temperature of 10 ∘ C and mean annual precipitation of 1070 mm ). An ephemeral first-order stream flows within the catchment from east to west (Figure 1) .
The soil was formed from the Silurian-age shale, with textures of silt loam and silty clay loam, and some clay loam and sandy clay loam (Lin, 2006) . Five distinct soil series were identified in the catchment, including the Weikert, Berks, Rushtown, Blairton and Ernest series, with four of these on the selected hillslope (Figure 1) . The Weikert series is a thin soil on the ridgetop, with the depth to bedrock < 0.5 m. The Rushtown series is mostly distributed in the centre of the concave hillslope, with the depth to bedrock usually > 1.5 m and a dense layer in the BC horizon (Guo et al., 2014) . The Berks series is mainly along the transitional zones between the Weikert and the Rushtown series, with the depth to bedrock > 1.0 m. The deep Ernest series (> 3 m depth to bedrock) has developed in the valley floor with a dense layer starting at 0.3-0.5-m depth (Lin, 2006) . The percentage of rock fragments (shale fractures of 2-150 mm thick) is usually > 70% in the C horizon of the four soil series (Table 1 ). The average saturated hydraulic conductivity in these soils decreases from 1.24 cm minute −1 in the A horizon to 0.49 cm minute −1 in the B horizon, and to 0.07 cm minute −1 in the C horizon (Lin, 2006) . Many lateral roots grow in the Bw horizon in the Rushtown, Berks and Blairton series. Previous studies suggested two types of SLF pathways on this hillslope, including SLF at a contrast in soil permeability (Zhang et al., 2014) or at the soil-saprock interface (Nyquist et al., 2018) , and also by a series of laterally connected root channels or macropores (Guo et al., 2014) .
High-frequency soil moisture monitoring
This study focused on a concave hillslope (Figure 1a) . A total of nine monitoring soil profiles were established (Figure 1c ), including one on the ridgetop (Site 74), three in the upper swale (Site 53 centre, right and left; named 53C, 53R and 53L, respectively), two on the side-slope (Site 55 centre and right; named 55C and 55R, respectively), two in the lower swale (Site 51 centre and left; named 51C and 51L, respectively) and one on the valley floor (Site 15). At each site, a soil pit was excavated from the surface to either the soil-bedrock interface or as deep as was safe. A vertical array of soil moisture sensors was installed according to soil horizons ( Table 1 ). All of the sites were installed with soil moisture sensors in the upslope-facing direction. To include the SLF from all possible directions, Sites 51, 53 and 55 were equipped with sensors in the left or right side-slope directions, or both ( Figure 1c ). Sensor depths and the basic descriptions of the monitoring sites, such as the slope gradient, soil depth, distance to the stream and rock fragment content, are given in Table 1 . The different soil depths to bedrock influence the rates of weathering and clay transport, and the slope gradient affects the downslope movement of soil by creep, resulting in different pedogenic processes and different soil profiles even at the same site between the centre and side-slope profiles (Zhang et al., 2016) . Soil moisture was monitored at 10-minute intervals using the EC5 sensors (5-cm length; accuracy ± 3 vol% and precision ± 0.1 vol%; the METER Group, Inc., Pullman, WA, USA.) that were connected to CR10X dataloggers (Campbell Scientific Inc., Logan, UT, USA). The soil moisture dataset used in this study covered a 3-year period from 2007 to 2009. The entire soil moisture time series was screened to ensure data consistency. Soil moisture records outside the range of 0-70 vol% were removed based on our knowledge of the soil types. Records with unrealistic fluctuations between subsequent measurements (i.e. local spikes without a continuous trend in soil moisture change) were removed (Wiekenkamp et al., 2016) . Thresholds of −1 and 5 vol% between subsequent measurements (i.e. 10-minute interval) were designated to identify downward and upward spikes, respectively (Wiekenkamp et al., 2016) . Data from 1 March to 31 November over 2007-2009 were retained for SLF detection, excluding those collected under frozen soil conditions when the soil moisture readings by the EC5 sensors might be unreliable.
Precipitation and individual event delineation
Precipitation was measured by a Pluvio load cell rain gauge (OTT Hydromet, Kempten, Germany; precision 0.01 mm) at an automatic weather station on the north ridge of the catchment (Figure 1b) . The continuous precipitation records were separated into individual rain events to identify precipitation conditions that favoured the generation of SLF. Following Graham & Lin (2011) , we used an heuristic event separation method that depended on two thresholds, including the minimum number of hours without rain (T p ; p stands for precipitation) and the minimum quantity of precipitation (T a ; a stands for precipitation amount). We defined the initiation of a new event when a quantity of precipitation larger than T a fell after T p was exceeded and the end of an event when precipitation during a period T p was less than T a (Wiekenkamp et al., 2016) .
The selection of a threshold affected the characteristics of the delineated rain events ( Figure S1 , Supporting Information). Given that a small quantity of precipitation (< 1 mm) was unlikely to trigger SLF in this catchment, we chose 1 mm for T a (Graham & Lin, 2011) . To account for the lag time of soil moisture in response to precipitation (i.e. the time between the onset of a rain event and the time of a soil moisture response), we chose T p as 3 hours. When T a was fixed at 1 mm, the 3-hour separation time (T p ) gave the duration of an event (12.6 hours) ( Figure S1 ) that was close to the lag time reported on this hillslope in a previous study (Lin & Zhou, 2008) .
Evapotranspiration
The hourly evapotranspiration (ET) data used in this study were derived by a fully coupled land surface hydrologic model, the Flux-PIHM, which incorporates the Noah land surface model (LSM) into the Penn State Integrated Hydrologic Model (PIHM) (Shi et al., 2013) . The Noah LSM integrates the Penman potential evaporation scheme, the canopy model and the canopy resistance approach to estimate ET. Model evaluation at the Shale Hills Catchment and detailed description of the calculation of ET were presented in Shi et al. (2013) .
Subsurface lateral flow detection
A soil water mass balance-based method was proposed to determine the presence of SLF:
where ΔS is the change in soil water storage, P is precipitation, GE is groundwater exfiltration, D is deep drainage and the subscripts ( in or out ) indicate the direction of SLF (i.e. inflow or outflow). Because this study focused on the shallow soils on the hillslope, the effect of a rise in groundwater table was negligible. In addition, because of the vigorous ET in the growing season, deep drainage in forested catchments primarily occurs in winter (Swarowsky et al. 2011) . Because the winter data were excluded from SLF detection, the effect of deep drainage was neglected (see the rationale for the assumptions in the Discussion). Then, the soil water mass balance could be simplified as: Rearranging Equation (2) gives:
and
where SLF net refers to the net flux of SLF (i.e. SLF in -SLF out ), which is the difference between ΔS and the effective precipitation (i.e. P -ET; referring to the actual quantity of precipitation that reaches the ground surface). There are two possible relations between ΔS and (P -ET) after precipitation:
1 ΔS < (P -ET), which indicates that the effective precipitation can presumably supply enough water to increase soil water storage. In this case, one could not tell whether SLF had occurred or not. 2 ΔS > (P -ET), which indicates that the effective precipitation and the follow-up infiltration cannot provide enough water to meet the build-up in soil water storage. In this case, SLF must have occurred to supplement the additional water to increase soil water storage.
Therefore, we compared the accumulated (P -ET) and ΔS over each entire rain event. When ΔS was greater than (P -ET), we assumed that SLF occurred in response to precipitation. We calculated the soil water storage (S) as the weighted summation of soil moisture measurements in each horizon:
where
where S t (cm) is the soil water storage in a particular site at time t, n indicates a given soil horizon, m is the total number of soil horizons with moisture sensors installed, n (vol.%) is the measured soil moisture in soil horizon n and w n (cm) is the weighting factor determined by the thickness (d n ; cm) and coarse fragment content (%; > 2 mm fraction; i.e. Cf n ) of soil horizon n. Information on the thickness and coarse fragment content is given in Table 1 . For each site, if more than two sensors failed to record valid measurements at the same time, this period was excluded from the calculation of soil water storage. The change in soil water storage (ΔS) of a rain event was calculated from soil water storage values at the start and end times of the event. Then, the occurrence of SLF was identified across the monitoring sites and converted to SLF frequency, expressed as the percentage of total number of rain events. We also calculated the hillslope-averaged soil moisture content ( a ) over time:
where i indicates a specific monitoring site, k is the total number of study sites and i (vol.%) is the average soil moisture for site i, which is the weighted average of soil moisture measurements ( n ; vol.%) recorded at this site. The weighting factor, w n (cm), was determined by Equation (6).
Controlling factors of subsurface lateral flow
We compared the annual frequency of occurrence of SLF across the monitoring sites to assess the effects of topographic and soil attributes on its spatial pattern along the hillslope. Then, we classified the rain events into two groups: (i) the SLF-producing events and (ii) non-SLF-producing events. We compared precipitation attributes between the two groups, including the duration of an event, the total quantity of rain, the lag time from the onset of an event to the timing of peak intensity, the peak intensity, the average intensity to peak and average intensity. To avoid the complication of the effect of snowmelt on the dynamics of SLF, its occurrence in March and November were excluded from the comparison of rainfall attributes. To evaluate the effect of antecedent soil wetness, we compared the frequencies of SLF occurrence between the dry season (June to November) and the wet season (December to May), as well as the difference in precipitation attributes between the two seasons. Furthermore, we examined the minimum precipitation intensity to trigger SLF across the monitored sites.
Comparison between the proposed method and the established method
To validate the proposed method (i.e. the NSMR method), we compared the SLF frequency obtained by the SWMB method with the preferential flow frequency (a mixture of SLF and vertical bypass flow) obtained by the NSMR method. We assumed that at the timescale of several years, the proportion of SLF occurring in total preferential flow was consistent, and the frequencies of occurrence of SLF and preferential flow were comparable. To offset the possible influence of different numbers of soil moisture sensors in a soil profile, the frequency of preferential flow derived by the NSMR method was standardized to the same level of sensor distribution density (i.e. one soil moisture sensor per 20-cm depth interval):
where F ′ (%) refers to the corrected frequency of preferential flow, F refers to the original frequency of preferential flow obtained by the NSMR method, N is the number of soil moisture sensors installed in the soil profile and D (cm) is the depth of the monitoring soil profile. One soil sensor per 20 cm was chosen based on the average interval between adjacent soil sensors at the Shale Hills Catchment (Table 1 ). The two methods were compared before and after the correction of the number of sensors in a soil profile.
Statistical analysis
The linear correlation coefficient was calculated between SLF frequency obtained from the proposed method and frequency of Figure 2 The flowchart of the proposed soil water mass balance (SWMB) method for detecting the occurrence of subsurface lateral flow (SLF) from precipitation (P), evapotranspiration (ET) and change in soil water storage (ΔS).
preferential flow from the established method as well as between the monthly quantity of precipitation, monthly count of rain events and monthly average hillslope soil moisture, respectively. A t-test was applied to examine the significant difference in precipitation characteristics between the SLF-producing events and non-SLF-producing events, and between the dry and wet seasons, respectively. The precipitation characteristics were log 10 (x + 1) transformed to satisfy the assumption of normality by the t-test.
The Shapiro-Wilk test was used to test the normality of the log-transformed data. Finally, a power law regression model was established to indicate how frequently SLF could take place across different numbers of sites, and a quadratic regression model was established to indicate the relation between total precipitation and the number of sites producing SLF. All of the statistical analyses were performed with Matlab (MathWorks, Natick, MA, USA.), except for the Shapiro-Wilk test, which was performed with SPSS (IBM Corp., Armonk, NY, USA.). The procedure for the proposed method is illustrated in Figure 2 .
Results
Precipitation, ET and rain events
Precipitation at the Shale Hills Catchment shows clear seasonality, with most large storms (hourly precipitation > 5 mm) occurring from May to September (Figure 3) . The annual precipitation remained relatively stable during the three study years (i.e. ∼ 1000 mm year −1 ). In general, precipitation is dominated by small storms of long duration and low intensity ( Figure S2 , Supporting Information). Nearly half of the hourly precipitation records were smaller than 0.4 mm, and only 13 records of hourly precipitation were greater than 10 mm ( Figure S1 ). According to the Flux-PIHM model, annual ET in the study catchment ranged from 659 to 681 mm from 2007 to 2009, approximating 70% of the annual total precipitation (Figure 3 ). Hourly ET also showed strong seasonal variation.
A total of 275 rain events were identified from 2007 to 2009 (Figure 4e ). After data collected during the winter months (from December to February) were excluded, 213 rain events were retained for SLF delineation. April to July had the largest number of rain events, and September had the smallest (Figures 4e and  S3 , Supporting Information). There were significant correlations (P < 0.01) between the monthly rainfall, monthly count of rain events and monthly average hillslope soil moisture ( Figure S3 ). Average precipitation of each of the 213 events was 9.44 mm, and average ET of each event was 0.93 mm (i.e. ∼ 10% of the rain).
The frequency of subsurface lateral flow
The changes in average moisture content on the hillslope allowed detection of distinct cycles of wetting and drying (Figure 3) . The soil was wetter from December to May (defined as the wet season), whereas it was drier from June to November (defined as the dry season; indicated by the shaded areas in Figure 3 ). Regardless of hillslope locations, soil water storage was very dynamic over time, showing the long-term seasonal wetting and drying cycles and short-term fluctuations in response to precipitation (Figure 4) .
For the nine monitoring soil profiles, a total of 290 SLF events were identified over the study period, which varied across the monitoring sites (Figure 5a ). There were fewer SLF events at Sites 55C and 15 in 2008 because of power failure (Figures 4 and 5a) . The variation in number of SLF events between the other sites was greater than that from year to year, indicating a spatial pattern of SLF occurrence that was relatively stable over time (Figure 5a ).
The frequency of SLF (i.e. ratio of the number of SLF events at each site to the number of rain events) shows that from 2007 to 2009, the average frequency of SLF (across all sites) was 16.5%. Spatially, SLF frequencies at Sites 53C and 15 were larger, and those at Sites 74, 53L, 55C and 51C were smaller (Figure 5b ).
Controlling factors of subsurface lateral flow
The inter-annual variation in frequency of SLF events was smaller than site to site variation (shown by the error bars in Figure 5b) , indicating a relatively consistent spatial distribution of SLF along the hillslope. A greater frequency of SLF was detected in the centre soil profile at Site 53C (in the upper swale), with a larger contributing area than in the profiles facing the side-slope direction (Sites 53L and 53R) (Figure 5b ). The valley floor site (Site 15), with a sizeable contributing area, also experienced a larger frequency of SLF. The ridgetop (Site 74), with a smaller contributing area and shallower soil (Figure 1) , showed a reduced frequency of SLF (Figure 5b ). In the lower swale (Figure 1) , the soil profile facing the side-slope direction (Site 51R), with a larger slope gradient, had a greater frequency of SLF than the soil profile at the centre (Site 51C) (Figure 5b) . Similarly, Site 55R, with a steeper slope gradient, had a larger frequency of SLF than did Site 55C (Figure 5b) .
Results of the t-test indicated that the duration of events producing SLF were significantly shorter than those that produced none (P ≤ 0.05), and the average intensity and average intensity to peak of those producing it were significantly stronger than those that did not (P ≤ 0.05). There was no significant difference, however, in the total precipitation, the lag in time from the onset of a rain event to the time of peak intensity, the accumulated precipitation during this lag in time and peak intensity between events with and without any SLF (Figure 6 ).
Over the 3 years, SLF events were more frequent during the dry season throughout the monitoring sites, suggesting that dry soil provided favourable conditions to initiate and sustain SLF (Figure 7a ). The average intensity of rain events during this season was significantly larger than that of the events in the wet season (P ≤ 0.05; Figure 7b ). The peak intensity and average intensity to peak showed a marginally significant difference between the dry and wet seasons (P ≤ 0.1; Figure 7c,d) .
Furthermore, the minimum intensity of precipitation to trigger SLF remained relatively consistent across the monitoring sites ( Figure S4 , Supporting Information). On average, a rain event with a peak intensity (or an average intensity) of 0.49 mm hour −1 (or 0.28 mm hour −1 ) could generate SLF on this hillslope.
Comparison between the proposed and established methods
The frequency of preferential flow events obtained by the established method correlated positively with the frequency of SLF derived by the proposed method (Figure 8a ), although the correlation coefficient is relatively small (∼ 0.5). After correction for the effect of different numbers of soil moisture sensors in a soil profile (Equation (9)), the correlation coefficient increased to ∼ 0.95 over the two comparison periods (Figure 8b ). The scatter of points in Figure 8(b) is distributed along the 1:2 relation (Figure 8b ), suggesting that SLF contributed to ∼ 50% of the events of preferential flow on this hillslope.
Discussion
Effectiveness and limitation of the new method
To apply the SWMB method, we disregarded the effect of a rise in groundwater table, deep drainage and surface runoff on soil water storage. Here, we discuss the possible effects of these assumptions. During the study period, the water table was monitored at Site 15 only. For the other monitoring sites, water level loggers were installed after September 2009. At Site 15, the valley floor site, the water table seldom reached the soil moisture sensors during the dry season (June to November), when 83% of the total SLF events were detected at this site ( Figure S5 , Supporting Information). During the wet season, the water table can be present in the monitored soil profile. However, according to Equations (5) and (6), the large content of coarse fragments (i.e. smaller total Figure 6 Comparisons of precipitation characteristics between subsurface lateral flow (SLF) events and non-SLF events, including the duration of (a) a rain event, (b) total precipitation, (c) lag time from event onset to peak precipitation intensity, (d) accumulated precipitation from event onset to peak intensity, (e) peak precipitation intensity, (f) average precipitation intensity from event onset to peak intensity and (g) average intensity of an entire rain event. In addition to the removal of winter months (December to February), data for March and November are excluded to eliminate the potential impact of snowmelt. Significance values (P) of the t-test are shown. Note that the precipitation attributes are log (x + 1) transformed to satisfy the assumption of normality for the t-test.
porosity for water storage) in the deeper soil layers (> 1-m depth) (Table 1 ) indicated a limited effect of a rise in groundwater table on water storage for the entire soil profile. At Sites 51 and 55, the lower swale and side-slope sites, the water table was below the deepest soil moisture sensor and had a negligible effect on the detected frequency of SLF ( Figure S5 ). At Sites 53 and 74, the upper swale and ridgetop sites, the water table was consistently absent and did not affect soil water storage and the detection of SLF. Swarowsky et al. (2011) suggested that deep drainage occurs mainly in the winter and during snowmelt in the forested catchments. Therefore, we excluded the data collected in December to February from SLF detection. However, the possible effects of drainage through preferential flow pathways were not accounted for here. We performed a simple calculation to demonstrate the effects of deep drainage on the detection of SLF at four levels of deep drainage ( Figure S6 , Supporting Information). To simplify the problem, we designated a spatially uniform rate of deep drainage across the sites. When the ratio of deep drainage to effective precipitation increased from 0 to 0.1, 0.2 and 0.3, the average frequency of SLF events at the hillslope increased from 16.54 to 17.64, 19.18 and 21.64%, respectively ( Figure S6, Supporting Information) .
At the Shale Hills Catchment, we seldom observed surface runoff on the hillslope. Simulation results from the PIHM suggested that ∼ 1% of the annual total precipitation ends up as surface runoff at this catchment (Shi et al., 2013) . Therefore, it was reasonable to disregard the effect of surface runoff on the partitioning of effective precipitation. However, this study cannot eliminate the effect of canopy interception and stemflow on the effective precipitation. Canopy interception on this hillslope ranged from ∼ 10 to 30% in the growing season (Graham & Lin, 2011) . However, stemflow offsets such an effect by providing localized water supply (Johnson & Lehmann, 2006) . Therefore, we disregarded the complex effects of canopy interception and stemflow in the calculation of the difference between the increase in soil water storage and the effective precipitation.
The assumptions of no effect from a rise in groundwater table, deep drainage and surface runoff are based on conditions in the Shale Hills Catchment. At other sites, these assumptions might not be appropriate, and the proposed method requires adjustment. For example, SLF is often detected on top of a compaction layer (e.g. a plough pan or a clay pan) in agriculture soil (e.g. Sander & Gerke, 2007; Patil & Das, 2013) . At such sites, canopy interception and stemflow are likely to have limited effects on the effective precipitation and the proposed method is likely to be more effective. Compared with the established NSMR method, the proposed SWMB method mainly has three advantages: (i) the detected SLF frequency is more robust to the number of soil moisture sensors installed in a soil profile, (ii) soil moisture data for the entire rain event are used to identify SLF and (iii) it measures only the frequency of SLF, whereas the NSMR method measures the combination of SLF and vertical preferential flow. The difference between the two methods provides an estimate of the frequency of the vertical bypass flow. In this case, the total preferential flow consisted of 50% SLF and 50% vertical bypass flow (Figure 8b ). Applying both methods improves the field quantification of different types of preferential flow.
The occurrence of SLF detected by the SWMB method, however, should be considered an underestimate because when ΔS < (P -ET), SLF might still occur, such that SLF in is less than SLF out , and so SLF net is negative. The accuracy of ET measurements also influences the robustness of the frequency of SLF. Thus, the SWMB method is challenging for quantifying the magnitude of SLF. Integrating results of soil moisture monitoring and tracer release has the potential to characterize both the spatial distribution and magnitude of SLF.
Mechanisms of subsurface lateral flow on the hillslope
Results from this study suggest that precipitation, antecedent soil wetness, terrain and soil attributes together control the frequency of SLF on the hillslope (Figures 5-7) . The monitoring sites with larger contributing areas (e.g. Sites 53C and 15) and the sites with greater slope gradients (e.g. Sites 55R and 51L) tended to experience more frequent SLF (Figure 5b ). The sites with smaller contributing areas (e.g. Sites 53L and 74), the sites with shallower soil (e.g. Site 74) and sites with a smaller slope gradient (e.g. Sites 55C and 51C) had less frequent SLF (Figure 5b) .
The negative correlation between antecedent soil wetness and preferential flow frequency has been revealed at other study sites (e.g. Taumer Graham & Lin, 2011); grey, 2007 -2012 (data are from Liu & Lin, 2015 . Seven out of the nine monitoring sites in this study overlap with those investigated in Graham & Lin (2011) and Liu & Lin (2015) and are used for this comparison. The correlation coefficients (r) are shown. The grey dashed line refers to the 1:1 relation and the black dashed line is the 1:2 relation. 2016). These studies suggested that soil hydrophobicity has a stronger effect in facilitating preferential flow than water storage during the dry season. The spatially consistent threshold of precipitation intensity to trigger SLF events ( Figure S4 ) also suggested that antecedent soil wetness has a crucial role in governing their initiation. During the wet season, when water pressure in the soil matrix approaches the water-entry pressure, a small additional water input only can push water from the soil matrix to SLF pathways (e.g. Nieber & Sidle, 2010) , and during the dry season, when soil is strongly water-repellent, small storms can initiate SLF along the laterally connected macropores (e.g. Taumer et al., 2006) . Therefore, the minimum precipitation intensity to trigger SLF is likely to be independent of terrain attributes ( Figure S4 ).
The greater frequency of SLF events in the dry season could also be associated with precipitation characteristics (Figure 7b-d) . Rain events of short duration, large average intensity and large average intensity to peak intensity favoured the generation of SLF (Figure 6 ). The close relation between precipitation intensity and SLF has been reported at other study sites. For example, van Schaik et al. (2008) indicated that high-intensity rainfall partly filled up bedrock irregularities and generated SLF at the soil-bedrock interface.
To upscale the results from each monitoring soil profile to the entire hillslope, we examined how frequently SLF occurred across different numbers of monitoring sites. A negative relation was detected between the frequency of SLF events and the number of sites producing it (Figure 9 ). For the total 213 rain events investigated, nearly half of them (99 out of 213) produced SLF in at least one monitoring site, whereas only ∼ 10% of them generated its occurrence widely in at least six or more sites (Figure 9 ). This suggests two types of SLF responses on the hillslope, including a spatially heterogeneous response and a hillslope-wide response.
We found that more precipitation was required to produce SLF at more monitoring sites, especially for at least four or more sites producing SLF (indicated by the grey squares in Figure 9 ). For example, when precipitation was relatively small, the spatially heterogeneous pattern of SLF frequency along the hillslope was controlled jointly by precipitation, terrain, soil attributes and antecedent soil conditions. However, large storms tended to initiate SLF across the hillslope regardless of slope locations and antecedent soil wetness conditions. Similarly, in the Wüstebach Catchment, Wiekenkamp et al. (2016) detected a catchment-wide preferential response to large storms, but spatially variable preferential flow for intermediate storms. Moreover, according to Figure 6 , the average intensity of a rain event shows a significant difference between SLF-producing events and non-SLF-producing events. Therefore, it is likely that precipitation intensity determines whether or not the hillslope produces SLF in at least one site, and the precipitation determines the magnitude of the SLF along the hillslope (i.e. the number of sites producing it).
We propose a conceptual model to describe the SLF mechanism on the study hillslope. Among the various controlling factors, precipitation was the first-order control of the spatial pattern of SLF. The precipitation intensity determined whether the hillslope initiates SLF in response to rain. The high-intensity events favoured generation and persistence of SLF. Once the hillslope had generated A perceptual model to understand the mechanisms of subsurface lateral flow (SLF) on the hillslope. The black dots indicate the frequency of SLF for at least one monitoring site (≥ 1 site) to at least eight sites (≥ 8 sites) over the study period. The number of SLF-producing events (n) is listed. The black curve is the fitting function (equation given), and the coefficient of determination (R 2 ) is shown. The grey squares indicate the average total precipitation to produce SLF in at least one monitoring site (≥ 1 site) to at least eight sites (≥ 8 sites). The grey curve is the fitting function (equation given), and the coefficient of determination (R 2 ) is shown. When the precipitation is relatively small (indicated by the dark grey shaded area), precipitation, topographic and soil attributes, and antecedent soil wetness conditions together lead to a spatially heterogeneous pattern of SLF response. The large events trigger a hillslope-wide SLF response (indicated by the light grey shaded area), which masks the influence of terrain attributes and antecedent soil conditions. SLF, precipitation determined its magnitude along the hillslope. When the precipitation was relatively small, SLF occurred at a few sites along the hillslope. Precipitation, topographic and soil attributes, and antecedent soil wetness conditions together determined which sites produced SLF and led to a spatially heterogeneous pattern of SLF response. The large events tended to trigger a hillslope-wide SLF response, which masked the effect of terrain attributes and antecedent soil conditions.
Moreover, this conceptual model demonstrated the efficiency of using a soil moisture sensor network to upscale the site-specific soil moisture measurements to shed new light on the hillslope-scale SLF process. Additional geophysical investigations and dye staining tests (e.g. Guo et al., 2014; Nyquist et al., 2018; Liu et al., 2018) are required to validate the distribution of SLF pathways as well as the breakthrough curve methods to characterize the magnitude of large-scale SLF processes.
Conclusions
Continuous soil moisture monitoring by a sensor network offers a new opportunity to study SLF at the hillslope and catchment scales. We developed a soil water mass balance-based approach to identify SLF and to complement the detection of preferential flow depending on soil moisture response time to precipitation. The proposed method defined the presence of SLF when the increase in soil water storage was greater than the accumulated effective precipitation during a rain event. Our results indicated the following. (i) The ubiquity of rainfall-induced SLF. A high-intensity rain event favoured the initiation of SLF. The occurrence of SLF was more prevalent in the dry season (June to November) and at the upper swale and valley floor. (ii) The frequency of SLF obtained by this method correlated strongly with the frequency of preferential flow derived from the non-sequential moisture response method, especially after the effect of different numbers of soil moisture sensors was corrected. (iii) Precipitation attributes and initial soil wetness conditions together controlled the generation and persistence of SLF, and the topographic and small-scale soil features led to a spatially heterogeneous pattern of SLF events along the hillslope in response to small storms. Precipitation intensity determined whether or not the hillslope produced SLF in at least one site, and precipitation regulated the spatial extent of SLF.
We have shown that the proposed method complements the established method for the detection of preferential flow, especially the large-scale SLF processes relevant for hillslope-scale movement of water towards a stream. Applying both methods offers an opportunity to investigate preferential flow in the field by readily available soil moisture sensor networks.
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